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Abstract: Optical and thermal remote sensing data have been an important tool in geological
exploration for certain deposit types. However, the present economic and technological advances
demand the adaptation of the remote sensing data and image processing techniques to the exploration
of other raw materials like lithium (Li). A bibliometric analysis, using a systematic review approach,
was made to understand the recent interest in the application of remote sensing methods in Li
exploration. A review of the application studies and developments in this field was also made.
Throughout the paper, the addressed topics include: (i) achievements made in Li exploration
using remote sensing methods; (ii) the main weaknesses of the approaches; (iii) how to overcome
these difficulties; and (iv) the expected research perspectives. We expect that the number of studies
concerning this topic will increase in the near future and that remote sensing will become an integrated
and fundamental tool in Li exploration.
Keywords: satellite data; image processing algorithms; pegmatite; brine; lithological mapping;
mineral alteration mapping; geobotanical mapping
1. Introduction
Optical and thermal remote sensing data, namely satellite-acquired images, have been an important
tool in geological exploration allowing to target exploration areas for more than four decades. The major
contribution that remote sensing offers to mineral exploration was reviewed in several works dedicated
to this topic [1–5]: it provides information in a fairly quick, inexpensive, and non-intrusive way, which
favors mining and exploration companies especially in inaccessible remote areas. However, Rajesh [3],
in an overview of the use of remote sensing and Geographic Information Systems (GIS) in mineral
exploration, points out the difficulty of directly pinpointing mineralizations using only remote sensing
data, highlighting the importance of the integration with other types of geological data.
Sabins [6], in one of the first reviews about the types of data and image processing methods
for mineral exploration, describes two main approaches to target mineral deposits: (i) structural
and lithological mapping; and (ii) hydrothermal alteration mapping. Later, Rajesh [3] proposed
three approaches: (i) lithological mapping; (ii) structural mapping; and (iii) alteration mapping.
These approaches have been applied since the 1970s to identify very distinct types of mineral
deposits. The more common applications include porphyry copper [7–17] and gold [18–28] deposits.
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Other applications may include: iron ore deposits [19,29–32], volcanogenic massive sulfide ore
(VMS) deposits [33–35], several skarn-hosted deposits [36–39], chromite deposits [40–43], uranium
deposits [39,44], rare earth elements (REE) exploration [36,45], brine and evaporite deposits [46,47],
porphyry molybdenum deposits [48,49], zinc-lead (Zn-Pb) deposits [50], diamond [51] and bauxite
exploration [52].
Regarding the types of data used, multispectral products, namely Landsat and Advanced
Spaceborne Thermal Emission and Reflection Radiometer (ASTER) sensor imagery, played an important
part in geological remote sensing [4,5,53]. Abrams and Yamaguchi [54] reviewed ASTER’s contributions
to mineral exploration and lithological mapping. The success of the ASTER sensor in geological
exploration was mainly due to a higher spectral resolution in the short-wave infrared (SWIR) and
thermal infrared (TIR), specially designed for geological applications, which improved its lithological
and mineral mapping capabilities, particularly in the identification of alteration minerals [4,53–55].
The importance of TIR (including ASTER’s TIR subsystem) in the discrimination of minerals and rocks
was revised by Ninomiya and Fu [55]. These authors highlight several studies in which the TIR region
was fundamental for mineral discrimination, namely where silicate minerals occur, and reviewed
the spectral indices proposed for lithological mapping using ASTER-TIR data. Nonetheless, the advent
of hyperspectral remote sensing allowed the direct identification and quantification of specific minerals
which represented a key contribution to mineral exploration [3,53]. Cudahy [4] in a review on
mineral mapping projects for exploration led by Commonwealth Scientific and Industrial Research
Organization (CSIRO) in Australia, pointed out that hyperspectral remote sensing can be less popular
among exploration companies because of limited spatial coverage, the relatively high-cost of quality
datasets, and the inherent complexity of hyperspectral data.
Despite the successful application of different types of remote sensing data to distinct mineral
deposits, the current growing economic and technological advances, which rely on other mineral
commodities, highlights the need to use and adapt remote sensing data and image processing
techniques on new deposit types. Nowadays, green technologies, like electric vehicles, represent
an important sector of the economy [56] and lithium (Li) has become a critical metal to the green-power
industry [57,58]. However, Li exploration with the resource of remote sensing data and techniques
represents an emergent field, with several difficulties and unknown possibilities. Taking this into
account, this review aims at (i) providing information about what can be accomplished in Li exploration
using remote sensing methods; (ii) identifying the main difficulties associated with this kind of deposits;
and (iii) providing insights on how to overcome these difficulties as well as future research perspectives.
This paper presents the first summary of the developments made in the field of remote sensing applied
to Li exploration and we consider it to be timely and appropriate due to the high global demand of this
metal to the production of Li-ion batteries [58]. Additionally, this review can help to promote new
applications and to solve new exploration problems.
2. Li Exploration Using Remote Sensing
This section aims at summarizing past and current applications of remote sensing data and image
processing techniques to Li exploration at first, and then highlights the main weaknesses associated
with each methodology already proposed.
2.1. Advancements in Satellite-Based Remote Sensing
Despite the latest interest in this topic, the first application of remote sensing to Li mineralizations
started in 1982. Lefevre [59] conducted a multitemporal study (from 1975 to 1976) using Landsat
Multispectral Scanner System (MSS) images to detect geobotanical anomalies caused by dispersal halos
of metals, such as lithium, tungsten, and arsenic, associated with the Collete granite and the Beauvoir
domes. To extract the spectral signature of the circular anomaly, band ratios 7/5 and 7/6 (band 5: 0.6 to
0.7µm; band 6: 0.7 to 0.8 µm; band 7: 0.8 to 1.1 µm) were applied to the images. Comparing the spectral
anomalies of the vegetation with the soil geochemical maps, the author concluded that there was a clear
Appl. Sci. 2020, 10, 1785 3 of 22
correspondence between spectral and geochemical anomalies. However, such spectral anomalies could
be related to the presence of the other metals in the vegetation’s leaves and not necessarily due to
the presence of Li.
Over a decade ago, Perrotta et al. [60] used ASTER images for a trial mapping of Li-bearing
pegmatites in the Vale do Jequitinhonha region, Brazil. The authors used visible, near-infrared (VNIR),
and SWIR data to evaluate the spectral signatures of gem- and Li pegmatites, and related alteration
minerals. For that, the target spectra were determined through the estimation of the pixel purity index
(PPI) either directly in the atmospherically-corrected images or after applying a minimum noise fraction
(MNF) transformation of the data. PPI was estimated since the mean spectra of each sample group,
where the pixel samples were identified in ASTER images, failed as reference spectra. The obtained
reference spectra were used to classify the ASTER image using the spectral angle mapper (SAM) and
the mixture-tuned matched filtering (MTMF), having the last supervised method outperform the first
since SAM was also sensible to roads, agricultural fields, or areas around the main drainage lines.
Mendes et al. [61] applied a similar methodology in the identification of Li minerals’ spectral
signatures in view of future identification of unknown ore deposits in the Vale do Jequitinhonha
region, Brazil. To achieve that goal, reference spectra of Li-bearing minerals, as well as associated
alteration minerals and soils, were collected in the laboratory. However, only the open-pit mines
delimited in image data were used as training areas after the spectra obtained in the laboratory failed
to serve as a reference for the classification process. Similar to before, an MNF transformation was
applied to the ASTER VNIR and SWIR bands in order to segregate the noise. Statistical analysis was
applied to the MNF to determine the reference pixels with the highest PPI, from which tree reference
signatures were selected. Afterward, two supervised classification methods were employed, SAM
and MTMF, only where the location of metasediment outcrops, while the other lithologies where
masked. Although both methods were able to correctly identify the spectral features of pegmatite
intrusions, the SAM classifier also mapped other features, like roads or agricultural fields, while MTMF
only identified a small number of pixels to have similar spectral behavior to the reference spectra.
The solution proposed by Mendes et al. [61] was to produce a final target potential map through
the Boolean intersection of the results obtained from the application of MTMF and SAM techniques.
Another remote sensing approach to Li pegmatite exploration was made recently in
the Fregeneda-Almendra (Salamanca, Spain–Vila Nova de Foz Côa, Portugal) pegmatite field.
Cardoso-Fernandes et al. [62], in a preliminary stage, presented the potential of the Sentinel-2
Multispectral Instrument (MSI) in Li mapping. The study attempted to identify Li pegmatites mainly
based on the recognition of the associated alteration halos. To achieve that goal, several methods
applied to other deposit types were adapted to the Sentinel-2 images, including RGB (red, green, blue)
combinations, band ratios and principal component analysis (PCA). These methodologies allowed
to predict the occurrence of iron oxides and clay minerals, and to discriminate between non-altered
and hydrothermally-altered zones. The authors also tried to directly identify Li pegmatites based on
their spectral behavior. Using the reference spectra of spodumene (a Li-bearing mineral), the band
ratio 3/8 was proposed to discriminate the presence of Li-bearing minerals. Another approach was to
use a supervised image classification to map Li-bearing pegmatites. The classification was performed
on the resultant bands from the application of PCA, using the land cover signature classification
(LCS) and the maximum likelihood (ML) algorithms simultaneously. The reference spectral curves
used to classify the image were the ones collected in training sites identified in the Sentinel-2 images.
The training areas included open-pit mines exploiting Li minerals. Although the algorithm employed
allowed to correctly identify the Li pegmatites in exploitation, it also generated some false positives
and misclassified some metasedimentary areas. The authors [62] also highlighted the need and
importance of the acquisition of mineral spectra to improve the classification output. Considering
the results given in this work, Cardoso-Fernandes et al. [63] presented two new different approaches:
(i) identification of hydrothermal alteration minerals associated with the Li-bearing pegmatites; and
(ii) direct identification of Li minerals. These methods were applied in different types of multispectral
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cloud-free products, namely, Landsat-5 Thematic Mapper (TM), Landsat-8 Operational Land Imager
(OLI) and Thermal Infrared Sensor (TIRS), ASTER, and Sentinel-2 MSI. The alteration mapping results
differ from one image processing method to another [63]: while RGB combinations highlighted
hydrothermally-altered areas near the Li-bearing pegmatites, the common band ratios applied were
unsuccessful in the identification of iron oxides and clay minerals in the open-pit mines where they
were described [64]. Additionally, Selective PCA, i.e., PCA applied in a subset of bands chosen based on
characteristic absorption or reflectance features of the target minerals, only identified the occurrence of
iron minerals in some of the open pits. The ASTER sensor was the one that showed better performance
since hydroxyl-bearing minerals like clays were solely identified in the ASTER image [63], reflecting
the higher mapping capabilities of ASTER due to its better spectral resolution. On the other hand, some
spectral confusion with areas affected by wildfires and with agricultural fields hindered the results. In
what concerns the approach to directly identify Li minerals, Cardoso-Fernandes et al. [63] proposed
new algorithms capable of identifying the Li pegmatites with better exposition (i.e., outcropping
area) (see Appendix A). In the case of RGB combinations (ASTER 5-1-14 and 2-1-13; Landsat-8 7-3-11
and 2-1-11; Landsat-5 7-2-6 and 2-1-6), it was possible to discriminate the Li-bearing pegmatites
from the host rocks (metapelites) [63]. However, this discrimination could not be achieved using
Sentinel-2 images due to the lack of TIR bands and the importance of this region of the electromagnetic
spectrum in silicate minerals [55,65] like the Li-bearing silicates (spodumene and petalite) that occur
in the Fregeneda-Almendra area. The proposed band ratios (ASTER 7/6 and 1/3, Landsat-8 3/5,
Landsat-5 2/4, Sentinel-2 3/8) and selective PCA based on subsets of two and four bands were also able
to highlight the Li pegmatites, isolating the related spectral inputs, although the authors recommend
the use of the two-band subset for PCA since it reduces unnecessary noise [63]. Despite the success
in Li pegmatite discrimination, all methods manifested spectral confusion with urbanized areas and
agricultural fields. These spectral confusions are consistent with the ones reported by other authors in
different regions of the world [60,61], pointing to the need to spectrally separate the classes.
In follow-up work, Santos et al. [66] applied the algorithms proposed by Cardoso-Fernandes et
al. [63] to evaluate their performance in drawing potential exploration areas in other Li pegmatites
occurrences, namely in the pegmatite fields of Araçuaí and São João Del Rei in Brazil. The methods
(RGB combinations, band ratios, and selective PCA) and the algorithms employed (see Appendix A)
showed variable performances in the two pegmatite fields. Additionally, Li pegmatite identification
was more accurate in the São João Del Rei region than in Araçuaí, having the vegetation coverage in
the second area negatively influenced the results according to the authors [66]. It is worth mentioning
the ability of RGB combinations to discriminate Li pegmatites from both host rocks and associated
tailings and mine dumps, with the exception of the Landsat-5 images [66]. Additionally, in the São João
Del Rei area, the most successful band ratios were the ones proposed based on the reference spectrum
of lepidolite (a Li-bearing mica): Landsat-5 3/7, Landsat-8 4/7 and Sentinel-2 4/7 [63]. Regarding
the ratios proposed for spodumene, only ASTER 1/3 was able to highlight Li mineralized areas. In
the Araçuaí area, the spodumene based ratios were the most accurate in Li pegmatite identification.
In what concerns selective PCA, the two-band subset produced better results in the São João Del Rei
pegmatite field while the four-band subset worked better in Araçuaí [66]. Overall, selective PCA
presented the most accurate results while band rationing was the least efficient method in Li pegmatite
identification [66]. On the other hand, no limitations were found in the use of Sentinel-2 images, unlike
that reported in other works [63]. This may suggest that the ability to discriminate Li pegmatites using
Sentinel-2 images might rely on the composition of the host rocks. Nevertheless, the results obtained
were very significant, contributing to the state of the art of this field, since not only did it confirm
the methodology proposed by Cardoso-Fernandes et al. [63] but also showed its ability to detect other
pegmatite occurrences with Li potential besides the known target areas. Currently, field validation is
in progress to check if Li mineralization is in fact present in the potential areas identified.
Moreover, in the Alto Ligonha province (Mozambique), Gemusse et al. [67] used ASTER and
Landsat-8 images to map hydrothermal alteration minerals associated with Li-bearing pegmatites,
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since several pegmatites in the region present a thick kaolinitic weathering crust. The two satellite
products were used to produce land cover classification maps with the SAM supervised algorithm.
Although the ASTER image classification obtained a higher overall accuracy, both products allowed to
identify the spectral signatures of hydrothermal clay alteration (kaolin occurrences) associated with
pegmatites [67]. This identification was also supported by published spectral libraries. Additionally,
field samples of Li minerals, such as lepidolite and spodumene, were collected and analyzed using
an ASD HandHeld2 spectroradiometer [67]. However, the spectroradiometer only covers the VNIR
region of the spectra, so it was not possible to discriminate the two Li minerals in these wavelengths.
Nonetheless, the classification results, using the target signatures collected in the satellite products, were
able to identify two potential areas for future pegmatite exploration [67]. The authors also concluded
that ASTER and Landsat-8 provide complementary information on mineral composition. Still in
the Alto Ligonha region, different satellite products (namely ASTER, Landsat-8, and Sentinel-2) and
different remote sensing algorithms were compared to target Li pegmatites [68]. The algorithms include
three supervised classification methods—minimum distance, SAM, and ML—and one unsupervised
algorithm: k-means clustering. The land cover classifications maps were compared as well as
the performance accuracy of each classifier. Contrary to expected, the minimum distance attained
the best accuracy while ML showed the worst performance [68] but no explanation to the fact is given.
Perhaps these results reflect the quality of the training data. Despite the disparity between the results
obtained with the different classifiers, Gemusse et al. [68] stated that the classification maps show clay
minerals, such as kaolinite and montmorillonite, resultant from pegmatite alteration. These maps
were validated through field investigations, geological maps and previous works and reports [68].
The authors also noted that the satellite product that achieves the best accuracy for the SAM and
minimum distance algorithm was the Sentinel-2. More work is necessary, since the results may indicate
a positive contribution from the increased spatial resolution of the sensor.
In a work focused on the application of image classification in Li pegmatite exploration,
Cardoso-Fernandes et al. [69] compared the performance between two machine learning algorithms
(MLAs), support vector machine (SVM) and random forest (RF), in the Fregeneda-Almendra area,
using Sentinel-2A images. For details on model selection and parametrization, the original publication
should be consulted [69]. This work represents the first application of MLAs in Li pegmatite mapping.
Both algorithms (SVM and RF) correctly mapped the occurrence of Li pegmatites in the open-pit
mines [69]. Although SVM achieved a higher overall accuracy (98.54%), the RF model (built using
class balancing strategies; overall accuracy of 97.70%) was able to correctly classify a larger number
of mapped Li-bearing pegmatites [69]. Additionally, some of the areas classified by SVM and RF as
Li pegmatites correspond with the regions of interest delimited in previous studies [63] or to barren
mapped pegmatites. Despite the potential shown by this type of approach, these techniques still
produced several false positives resultant from the spectral similarity of Li pegmatites with other
lithologies, namely metasedimentary rocks [69]. This may indicate that more high spatial resolution
images are needed. Moreover, other difficulties were encountered (see Section 2.2), mainly associated
with the high number of classes defined in the image, having the authors [69] concluded that both SVM
and RF were overfitting at a class level, despite this kind of algorithms being less prone to overfit than
other machine learning techniques [70–73]. This illustrates that this kind of approach can be optimized.
All the developments mentioned so far concerned the application of remote sensing the hard-rock
Li deposits. However, new applications in other Li deposits are emerging. One example is the “Space
enabled exploration and monitoring of Cornwall Lithium resources” research project dedicated to
Li brine exploration [74]. The project aims at targeting underground geothermal Li brines through
the integration of several multispectral and SAR products to produce geological, active faulting, and
vegetation maps [74]. The geological mapping will be achieved in two stages: (i) the first consists on
geological mapping using Landsat-8 and Sentinel-2 images with subsequent integration of geophysical
data; and (ii) the second will focus on mineral alteration mapping using multispectral (ASTER and
Worldview-3) and airborne hyperspectral data (HyMAp) [74]. On its turn, SAR data, namely Sentinel-1
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scenes, will be used to map in detail fault systems that may structurally control Li brines. Another
approach will consist of the detection of vegetation with possible Li anomalies [74].
Another deposit type that may have big potential for remote sensing applications are
metasediment-hosted Li deposits like the Valdeflores (Cáceres, Spain) case where the mineralization
occurs in Li-bearing micas [75,76]. This deposit would have been formed by a pervasive metasomatism
that resulted in a target area of approximately 250 × 500 m [75] which means that the spatial resolution
of the sensors would no longer be a problem as in pegmatite deposits. Additionally, the metasomatic
formation of white mica in other mineral deposits is usually accompanied by wavelength changes
of the 2200 nm absorption feature that can be used to target mineralizations using hyperspectral
sensors [4]. A similar approach could be applied to detect Li micas in metasedimentary rocks.
2.1.1. Brief Overview
To understand the recent interest in the application of remote sensing methods in Li exploration
and to provide an overall picture of the state of the research, we searched the number of publications
in the Scopus bibliographic database using specific keywords (“Remot * sens *” AND “Lithium” AND
“Mineral *”; “Satellite” AND “Lithium” AND “Mineral *”; “Remot * sens *” AND “Lithium”).
After search refinement, title and abstract screening and eligibility check, a total of nine publications
from the initial 261 were included in the analysis (representing 3.4% of the total). Despite this number
being considered low for bibliographic analysis [77], it highlights the existent gap in the literature
in Li exploration using remote sensing data/techniques. All documents were analyzed by type,
country, and citations. The co-occurrence of keywords was also analyzed considering their frequency.
The VOSviewer software was employed for network visualization of the data through clustered density
maps. Table 1 presents a summary of information on the nine publications included in the analysis.
Table 1. SCOPUS search results concerning publications related to Li exploration using remote sensing
data and techniques.
Authors (Year) Title Citations
Cardoso-Fernandes et al. (2019) Constraints and potentials of remote sensingdata/techniques applied to lithium (Li) pegmatites -
Cardoso-Fernandes et al. (2019) Remote sensing data in lithium (Li) exploration: A newapproach for the detection of Li-bearing pegmatites 6
Santos et al. (2019) Remote sensing techniques to detect areas with potentialfor lithium exploration in Minas Gerais, Brazil -
Cardoso-Fernandes et al. (2019)
Evaluating the performance of support vector machines
(SVMs) and random forest (RF) in Li pegmatite mapping:
Preliminary results
-
Rossi et al. (2018) An earth observation framework for the lithiumexploration -
Cardoso-Fernandes et al. (2018) Potential of Sentinel-2 data in the detection of lithium(Li)-bearing pegmatites: A study case 4
Gemusse et al. (2018)
Pegmatite spectral behavior considering ASTER and
Landsat 8 OLI data in Naipa and Muiane mines (Alto
Ligonha, Mozambique)
1
Dai et al. (2017)
Geological mapping and ore-prospecting study using
remote sensing technology in Jiajika area of Western
Sichuan Province
1
Lefevre (1982)
Remote sensing of geobotanical anomalies in mineral
exploration: a Landsat 1 processing methodology -
Echassieres, Allier, France
-
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The average publication year is 2014, with eight documents (88.9%) published after 2016, which
reflects the recent interest in this field. Almost all documents were published in English (7; 77.8%),
with the exception of one document published in Chinese (11.1%) and another one in French (11.1%)
(Figure 1a). When analyzing the type of document, five publications (55.6%) correspond to conference
papers while the remaining four documents (44.4%) correspond to journal articles (Figure 1b).
The publications received a total of 12 citations, with an average of 1.3 citations per document since
there are four documents (44.4%) with at least one citation (Table 1).
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Regarding the geographic distribution of the publications, most of the studies were conducted by
researchers with European affiliations (Figure 3a): Portugal ranked first with six publications (66.7%
of the total), followed by Spain with two studies (22.2% of the total), and by France and the United
Kingdom with one document each (representing 11.1% of the total). On the other hand, as can be seen
in Figure 3, the study area considered in each work not always corresponds to the affiliation country
of the authors. Despite most studies areas being located in Europe, other applications were made in
the American, African, and Asian continents (Figure 3b).
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2.2. Main Challenges
The difficulties encountered in the previously mentioned applications are mainly related to
the inherent characteristics of Li deposits, especially in the case of Li pegmatites which are characterized
by low areas of exposition due to their dimensions (pegmatites are relatively narrow bodies).
Mendes et al. [61] reported difficulties in the direct application of the spectral signatures of
Li-bearing minerals obtained in the laboratory to identify similar targets in the ASTER images.
The authors [61] attributed this challenge to: (i) the low spatial resolution of the images when compared
to the target area; (ii) spectral noise resultant from mixture of the materials presented in a pixel; and
(iii) the low spectral resolution of the ASTER sensor when compared to the laboratory spectroradiometer.
Cardoso-Fernandes et al. [63] highlighted that the main problem associated with the identification
by the hydrothermal alteration approach is that the applied RGB combinations, band ratios, and
the subsets used for selective PCA correspond to algorithms proposed for the identification of other
deposit types with distinct alteration styles and mineral assemblages. Thus, in order to optimize
alteration mapping associated with Li pegmatites is fundamental to characterize the associated
alteration minerals and possible alteration halos in the host rocks. The knowledge on the alteration
halos would allow directing the image processing methods to specific minerals and it could help to
discriminate between barren and Li-mineralized pegmatites. Furthermore, the possible recognition of
the associated alteration halos from satellite sensors would also allow increasing the target exposition
area, allowing to overcome the pegmatite thickness problem.
Based on the works conducted in the Fregeneda-Almendra area, Cardoso-Fernandes et al. [78]
made a preliminary attempt to identify the main constraints in Li pegmatite exploration using
satellite remote sensing as being: (i) the vegetation coverage that masks the target spectral signatures;
(ii) the small pegmatite size when compared to pixel size (the exposition problem); (iii) the small number
of bands and/or the lack of thermal bands in some satellite sensors (the spectral resolution problem);
and (iv) the spectral resemblance between the Li pegmatites and urbanized areas or agricultural fields.
These challenges are in line with the difficulties identified in other pegmatite locations [60,61,66].
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In what concerns the vegetation coverage, Cudahy [4] stated, for other applications, that even
when green vegetation is sparse, dry vegetation can negatively influence the spectral signature of each
image pixel. At least in the Fregeneda-Almendra region, dry vegetation is more abundant than green
vegetation. However, no attempts to minimize its influence were made (only green vegetation was
masked). On the other hand, Cudahy [4] adverted that unmixing the spectral signatures of both green
and dry vegetation is preferred than masking them. For that, Rodger and Cudahy [79] developed
an unmixing method for hyperspectral sensors in which a vegetation corrected continuum depth is
obtained. Despite multispectral products such as ASTER not being the most adequate to measure
the spectral features of dry vegetation, it is still possible to obtain an approximate dry vegetation
index [4].
Nonetheless, the compromise between spatial and spectral resolution is, in our opinion,
the principal challenge in Li pegmatite exploration. This is best exemplified in the work that
attempted to classify Sentinel-2 images using MLAs [69]. Although Sentinel-2 represents the free
multispectral product with better spatial resolution and, therefore, the one with the best capability to
overcome the pegmatite exposition problem, several misclassification errors resulted from the absence
of bands in the TIR region. These misclassifications include the spectral mixing between Li pegmatites
and the metasedimentary host rocks [69]. Additionally, the relatively high number of classes, identified
in the image for the classification process, contributed to a higher data complexity that may have
hindered the obtained results. The reduction of the number of classes, through masking of classes with
no interest in Li exploration, will certainly help to optimize the algorithm performance, as recognized
by the authors [69].
Another critical challenge to Li exploration based on satellite data is that in spite of the many
diagnostic spectral features of Li minerals, to the best of our knowledge, it was not possible to identify
so far, a unique spectral feature solely caused by the presence of Li in the structure of minerals.
Taking all this into account, it is our opinion that there are yet several developments to be made in
the field of remote sensing applied to Li-mineralizations, and new algorithms and methodologies to be
developed in space and Earth sciences. More insights on other remote sensing data products are given
in Chapter 3.
3. Future Perspectives
A discussion on the available data products and image classification algorithms is made in
the attempt to solve some of the problems identified (Section 2.2). The special requirements of Li
exploration are taken into account. New types of approaches and applications to other Li deposits
are addressed.
3.1. Data Products Used for the Research
Past applications (Section 2.1) included products such as ASTER, Landsat-5, Landsat-8, and
Sentinel-2 images. For the purpose of this review, we will only consider the more recent products since
our goal is to help in choosing the best product for future studies.
The ASTER is an imaging instrument onboard of Terra satellite, the flagship satellite of NASA’s
Earth Observing System (EOS), launched in December 1999 [80]. It resulted from a collaboration
between NASA and Japan’s Ministry of Economy Trade and Industry—METI [80]. ASTER captures
medium-high spectral resolution data in 14 bands whose spatial resolution varies with wavelength:
15 m in the VNIR, 30 m in the SWIR, and 90 m in the TIR [81]. ASTER also provides a stereo viewing
capability for digital elevation model creation [80,81]. The temporal resolution is 16 days. Due to sensor
failure, SWIR data acquired since April of 2008 is not available [82]. Nonetheless, as mentioned before,
ASTER’s specific characteristics greatly contributed to mineral exploration, especially in alteration
mapping associated with gold and porphyry copper deposits [53,54]. A review of the different
“on-demand” ASTER products can be found in the work of Pour and Hashim [83].
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The Landsat program represents the world’s longest continuously acquired collection of
space-based moderate-resolution multispectral land remote sensing data [84]. It is the result of
a joint effort of the United States Geological Survey (USGS) and the National Aeronautics and Space
Administration (NASA). Until now, Landsat counts with seven successful and one failed mission [84].
The last mission corresponds to Landsat-8, which was launched in 2013. Landsat-9 is planned to be
launched in December 2020 [84]. Landsat-8 carries two different instruments: (i) the Operational Land
Imager (OLI); and (ii) the Thermal Infrared Sensor (TIRS). Each image product contains nine spectral
bands with a spatial resolution of 30 m for bands 1–7 and 9, and 15 m for band 8 (panchromatic);
and two thermal bands (10 and 11) are collected at 100 m, but resampled for 30 m [85]. Each band
consists of a 16-bit grayscale image. The scene size is 170 km × 185 km [85]. The temporal resolution is
16 days. Key publications in geological remote sensing (at least until the time of publication) from both
the Landsat and the ASTER eras can be found in van der Meer et al. [53].
The Sentinel-2 mission includes the recent twin satellites Sentinel-2A and Sentinel-2B launched in
the frame of the European Union’s Copernicus Program [86]. Since the satellites are out of phase with
each other, the temporal resolution is five days at the equator [87]. Both satellites acquire information
in 13 spectral bands in the VNIR-SWIR regions: four bands at 10 m spatial resolution, six bands at 20
m, and three bands at 60 m [87]. The orbital swath width is 290 km. A comparison between Landsat-8,
Sentinel-2 and ASTER bands is established in Table 2 and in Figure 2.
Table 2. Characteristics of sensors with potential for remote sensing of Li deposits [81,85,88,89].
Sensor Name
Spectral Region (µm)
Nr. of Bands
Spatial Resolution (m)
VNIR SWIR TIR VNIR SWIR TIR
Landsat-8 OLI/TIRS 0.43–0.88 1.57–2.29 10.60–12.51 11 30 30 100
ASTER 0.52–0.86 1.60–2.43 8.13–10.95 14 15 30 90
Sentinel-2 MSI
A 0.42–0.94 1.52–2.38 - 12 10 20 -
B 0.42–0.94 1.52–2.37
WorldView-3 0.40–1.04 1.20–2.37 - 16 1.24 3.70 -
Van der Meer et al. [53] refer to the importance of the Sentinel-2 mission to ensure data continuity,
especially after the failure of ASTER’s SWIR module. However, the application of Sentinel-2 images for
geological studies is scarce when compared to the previously mentioned satellite sensors, especially
when it comes to geological exploration. The first articles in the literature regarding this satellite address
their potential to alteration and iron/gossan mapping, while others highlight the correspondence
between ASTER, Landsat 8, and Sentinel-2 VNIR and SWIR bands [90–93]. More recent studies
highlight the possible contribution and suitability of Sentinel-2 images for geological mapping [94,95]
and for geological fault detection [96]. Ge et al. [97] applied different MLAs, Artificial Neural Network
(ANN), k-Nearest Neighbor (k-NN), RF and SVM, to Sentinel-2 images in order to perform lithological
classification in an ophiolite complex in Inner Mongolia, China. Hu et al. [98] compared the use of
Sentinel-2, ASTER, and Hyperion in hydrothermally-altered mineral mapping associated with porphyry
copper deposits. Cardoso-Fernandes et al. [62] and Cardoso-Fernandes et al. [63] already showed some
potentialities and limitations of the use of Sentinel-2 in Li pegmatite identification. Overall, some of
these works show that, on the contrary of what it was thought, Sentinel-2 might not be able to replace
ASTER in the acquisition of data for geological applications, due to the lack of a TIR sensor. Until now
there is no free or commercial product capable of responding to the necessities of geological mapping
and exploration, so other solutions need to be explored. The potential of the combined use of multi-
and hyperspectral satellite data in mineral exploration was already discussed by Mielke et al. [93].
In what concerns the compromise between spatial and spectral resolution, the answer may rely
on commercial satellites such as WorldView-3. Launched in 2014 by DigitalGlobe, World-View-3 is
a high-resolution multispectral sensor that measures reflected radiance in eight VNIR bands (at 1.24 m
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spatial resolution) and eight SWIR bands (at 3.70 m resolution) although SWIR data is resampled
to a 7.5 m pixel size for commercial distribution [99] (Table 2; Figure 4). WorldView-3 also has
a panchromatic band with 0.31 m of spatial resolution [99]. The swath width is 13.1 km. Despite
lacking a TIR sensor, WorldView-3 has good potential for mineral mapping since its bandpasses are
very similar to the ASTER VNIR-SWIR ones [4,54]. Additionally, such high resolution can help to
tackle the vegetation problems due to the sensors’ ability to map between trees [4].Appl. Sci. 2020, 10, x FOR PEER REVIEW 11 of 22 
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(CEM) [17,21]; (viii) least square fitting method [105]; (ix) independent component analysis [50]. and
supervised algorithms such as (x) SAM [8,108], and (xi) MTNF [8,15]. Methods such as MNF, PPI,
and SAM have already been applied to pegmatite detection in Southern Namibia using airborne
hyperspectral data (HyMap) [109]. For the same region, Oshigami et al. [110] proposed a new
classification method named continuum-removal MSAM that combined the Modified Spectral Angle
Mapper (MSAM) and continuum-removal methods. Using HyMap images, the authors produced
mineral index maps to target common pegmatite minerals such as lepidolite and other white micas.
In the Cornwall region, United Kingdom, Ellis and Scott [111] used lepidolite as a pathfinder for
topaz-bearing granites in an environmental monitoring study. For that, HyMap airborne images were
used and methods like MNF, PPI, and MTMF were employed.
Recently, great attention has been given to non-parametric classifiers such as machine and deep
learning algorithms. These techniques have been applied in land-use/land-cover (LULC) problems
with great success, outperforming classical algorithms [112–115]. In 2014, Yu et al. [116] conducted
a meta-analysis and synthesis of satellite-based land-cover mapping studies, concluding that, from
all classification methods (used more than 10 times out of the 1651 analyzed studies), MLAs, namely
ensemble classifiers, ANN and SVM, are the methods that achieved a performance better than
the average accounted in the 1651 experiments.
Although the number of applications is smaller when compared to the LULC studies, similar
results have been obtained in lithological mapping and mineral exploration [40,117–121]. Yu et al. [117],
in 2012, developed an automated approach to lithological mapping in Northwestern India where
different SVMs with the radial basis function (RBF) kernel were trained using ASTER, ASTER-derived
digital elevation model (DEM), and aeromagnetic data. The tested number of input features ranged
from 14 to 33, having the classification accuracy increased with the increasing number of layers.
When compared with a classical classifier, SVM clearly outperformed ML, achieving a much higher
accuracy [117]. Cracknell et al. [118] applied RF and self-organizing maps (SOM) to map lithology and
volcanic-hosted massive sulfide (VHMS) alteration in Tasmania. The input data included airborne
geophysical, soil geochemical and Landsat-7 Enhanced Thematic Mapper Plus (ETM+) spectral data.
The approach provided new geological detail and allowed to identify areas of interest for geological
and VHMS alteration mapping. According to the authors [118], the combination of supervised and
unsupervised MLAs delivered a robust mean to analyze and map complex, challenging terrains. In
2016, Parakh et al. [119] compared the performance between RF and SVM in lithological mapping in
India using Landsat-8, ASTER, and DEM data. Additionally, band-depth images from the analysis
of laboratory spectra were used as input for the fuzzy inference system (FIS) to further discriminate
between amphibolite and mica-schist. Overall, the performance of RF and SVM was similar although
RF provided a higher accuracy for the minor class [119]. Bahrambeygi and Moeinzadeh [120] compared
SVM and ANN in hyperspectral mapping of ophiolite terrains in Iran using Hyperion images,
the ANN having achieved higher accuracy. Latifovic et al. [121], in 2018, assessed the performance of
convolutional neural networks (CNN) in lithological mapping in Northwestern Canada. Different
data layers were used to train the network including Landsat TM/ETM+ scenes, aerial photos, and
high-resolution DEM data. The performance of CNN was evaluated in two sampling scenarios:
the first uses samples collected over the area to be mapped, while the second scenario corresponds to
an independent test area. Secondly, the performance of CNN was confronted with the one attained
using the more widely used RF algorithm [121]. In the first scenario, both algorithms showed similar
results with an average accuracy of around 76%. However, in the independent test sets, CNN
outperformed RF by 4%.
Most of these works show that the classification accuracy is improved when additional data is
added to the satellite-acquired one. This follows the line of thought of Rajesh [3] that remote sensing
data by itself may not be sufficient to identify new mineral deposits. Therefore, it would be important
to try to integrate satellite data with other types of data in Li exploration. This type of logic could
also be applied to techniques employed, that is, several classifiers could be combined to form a better
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predictor (using ensemble methods like AdaBoost or bagging). Such an approach can help to overcome
the weaknesses of single classifiers [122].
In the past recent years, several reviews have been published on either the use of a specific MLA
or on the comparison of a set of machine and/or deep learning algorithms. Mountrakis et al. [72]
presented various applications of SVM in remote sensing as well as several algorithmic advances and
SVM variants developed. Belgiu and Drăgut¸ [70] reviewed the use of RF as a classifier in remote
sensing. The authors also highlight developments made and new applications in the field of remote
sensing, besides pointing out future directions. Maxwell et al. [123] reviewed MLAs from an applied
perspective, focusing on SVM, decision trees (DTs), boosted DTs, RF, ANNs, and k-NN, the choice of
proper algorithms, their implementation, training data requirements (class balancing problems for
example), parameter tuning, computational costs, and availability of MLAs in remote sensing software
packages. Li et al. [124] survey and compare the performances achieved by typical deep learning
(DL) methods, such as model CNNs, stacked auto-encoders (SAEs), and deep belief networks (DBNs).
The authors also presented a systematic review of developments made in pixel-wise and scene wise
approaches using DL methods.
Despite the great performance achieved by MLAs in the field of computer vision and image
processing [122,124], some difficulties are expected in what concerns their application to Li exploration.
The first and most obvious obstacle is the in-depth knowledge about the MLAs and DL required
for any geoscientist/geologist to conduct such an approach. The second is related to the nature
of the classification problem since mineral exploration in general, and Li exploration in particular,
inherently differ from classical applications, such as LULC problems. Finally, the amount of training
associated with each algorithm and the need to parameterize the algorithms are another major
obstacle. This parametrization can be more difficult in some MLAs like SVM but, overall, past
studies show that the parameters tend to be case sensitive and therefore fundamental [112,123]. New
developments on how to transfer learning from one case study to another are needed and they will
definitely increase the importance and usage of MLAs and DL in mineral exploration. On the other
hand, there are still a great number of potentialities to explore in Li exploration that are constantly
increasing with the new models and algorithms being proposed. These include adaptations of
the original algorithms (e.g., oblique RF classification [125] or transductive SVM [126]) and the use of
non-traditional optimization algorithms, such as genetic algorithms and particle swarm optimization,
with MLAs [127]. The application of MLAs in sub-pixel classification (e.g., [128]) could also help to
decrease the impact of mixed pixels in medium spatial resolution images.
4. Summary and Conclusions
Despite the early attempt to target Li mineralizations with the launch of the Landsat missions, there
is an unequivocal exponential growth on the publication numbers in the last decades. Nonetheless,
since it still is an emergent field, the studies are limited to a small number of research groups, mainly
based in Europe. However, considering the market demand for this raw material, we expect that many
other studies will flourish in the near future all around the globe.
In general, past application studies relied on four distinct approaches: (i) geobotanical mapping;
(ii) lithological mapping; (iii) mineral alteration mapping; and (iv) Li minerals/Li pegmatite
discrimination. Different types of satellite products with distinct characteristics were employed
as well as diverse image processing algorithms ranging from simple logical or mathematical operations
(band ratios) to more evolved and complex algorithms like MLAs.
Overall, the objectives and the research questions addressed in this review were successfully
accomplished/answered:
1. What can be accomplished in Li exploration using remote sensing methods? The reviewed
publications show that it is possible to identify the spectral features of pegmatite intrusions and to
discriminate the Li-bearing pegmatites from the host rocks (despite the misclassification errors in
the lithological mapping approach). Depending on the type of host rock, this discrimination may
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not be possible without using TIR data. The proposed approach to directly identify Li minerals/Li
pegmatites was confirmed in other areas of the globe. To some extent, the alteration mapping approach
works to target Li pegmatites, although it is more promising in highly weathered areas such as in
the Alto Ligonha region (Mozambique).
2. What are the main difficulties? Both the alteration mapping and Li pegmatite mapping
results differ regarding the area or the image processing method applied, which points to the lack of
an automated proceeding to target Li-mineralizations. Other noted difficulties are related to the spectral
confusion with urbanized areas and agricultural fields or spectral noise resultant from mixing at
the pixel level. From our knowledge, these problems are inherently caused by low spectral and
spatial resolution, respectively. The vegetation coverage is another difficulty since it masks the Li
minerals/Li pegmatites spectral signatures. In specific areas of the world, there may be problems in
the hydrothermal alteration approach since the Li pegmatites may present distinct alteration styles
and mineral assemblages not detected by the common techniques.
3. How to overcome these difficulties? Currently, there is no existing or expected satellite
product capable of responding to all the necessities of Li exploration. Despite lacking thermal
bands, WorldView-3 is probably the closest product available capable of dealing with the spatial
and spectral resolution compromise. Additionally, WorldView-3 high spatial resolution can help to
tackle the vegetation difficulties. Another solution to dampen the effects of vegetation is the spectral
unmixing of both green and dry vegetation. To optimize the alteration mapping approach, a detailed
geological characterization of the associated alteration minerals and possible alteration halos in the host
rocks can lead to the development of specific, more efficient algorithms. Other types of remote sensing
data, namely drone-borne hyperspectral sensors, may constitute a more efficient Li exploration tool in
the future. For now, such an approach is not feasible due to the high associated costs.
4. What are the future research perspectives? We believe that there are several developments to be
made in the field of remote sensing applied to Li mineralizations in the future. The constant increase
and development of MLAs, in specific, offers unlimited possibilities to be explored. Less common
techniques, such as the adaptation of the original MLAs or the combination of several classifiers into one
single predictor, can help to achieve a better performance in Li exploration. The integration of remote
sensing data with geological information (mineral prospectivity) will increase the ability to target new
deposits. The development and improvement of the geobotanical approach may enable Li exploration
using remote sensing in highly vegetated areas, which for now is unthinkable. The generalization of
the mentioned approaches to other Li deposit types (e.g., brines) will also contribute to establishing
remote sensing as a fundamental tool in Li exploration.
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Appendix A. Spectral Indices
Appendix A.1. RGB Combinations
In 2019, Cardoso-Fernandes et al. [63] proposed different RGB combinations to target Li-bearing
pegmatites using atmospherically corrected, surface reflectance ASTER, Landsat-5, Landsat-8, and
Sentinel-2 products (Table A1).
Table A1. Proposed RGB combinations for Li pegmatite detection [63].
Sensor RGB Combination
ASTER
5-1-14
2-1-13
Landsat-5 TM
7-2-6
2-1-6
Landsat-8 OLI/TIRS
7-3-11
2-1-11
Sentinel-2 MSI 3-2-12
Appendix A.2. Band Ratios
Band ratios were also proposed to identify Li pegmatites [62,63]. These ratios were based on
spectral absorption features of Li minerals, such as spodumene and lepidolite (Table A2).
Table A2. Band ratios proposed to identify Li pegmatites [62,63].
Sensor Band Ratio
ASTER
7/6
1/3
Landsat-5 TM
2/4
3/7
Landsat-8 OLI/TIRS
3/5
4/7
Sentinel-2 MSI
3/8
4/12
Appendix A.3. PCA
Cardoso-Fernandes et al. [63] also selected two- and four-band subsets for the application of
selective PCA to isolate target spectral signatures of Li pegmatites (Table A3). Input data were
the ASTER, Landsat-5, Landsat-8, and Sentinel-2 raw bands.
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Table A3. Band subsets for selective PCA in Li pegmatite identification.
Sensor Band Subset
ASTER
1, 3
1, 3, 11, 14
Landsat-5 TM
2, 4
1, 2, 4, 6
Landsat-8 OLI/TIRS
3, 5
2, 3, 5, 11
Sentinel-2 MSI
3, 8
2, 3, 8, 11
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